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CHAPTER IX
Remote Sensing as a
Monitoring and Modeling Tool*
Jennifer Cannizzaro, Inia Soto and Chuanmin Hu

Introduction
Harmful Algal Blooms (HABs) are caused by several different species of phytoplankton,
many of which produce toxins that are harmful to human health. Certain toxins can accumulate
in shellfish and cause illness upon ingestion, or when toxins are released into the air by wave
action and they can lead to respiratory irritation. Non-toxic HAB organisms are also
detrimental to marine and freshwater ecosystems as they can induce anoxia, clog fish gills,
and attenuate the light necessary for seagrass beds and coral reefs. Globally, HABs occur in a
wide range of habitats (freshwater lakes, lagoons, estuaries, coastal, and oceanic waters) and
can extend over large geographic areas. Local tourism and commercial shellfish industries are
severely impacted by HABs with economic losses that can exceed millions of US dollars
during single bloom events (Larkin and Adams 2007). Timely information on bloom location,
size, magnitude and type is desired for managing coastal ecosystems and protecting public
health.
Despite the enormous diversity, almost all HAB organisms share one thing, which is their
auto- or mixotrophic nature. Cells are often pigmented and contain chlorophyll-a along with
various accessory pigments for harvesting light for photosynthesis or protecting cells from
photo-oxidative stress. Blooms containing high cell densities often modify the color of surface
waters, causing them to appear various shades of black, red, brown, or green. As a result,
HABs are commonly referred to as ‘red tides’, ‘brown tides’ or ‘green tides’, although they
often have little to do with actual tides. Changes in coloration associated with blooms are
discernible not only by the human eye, but can be detected and quantified remotely by satellite
and aircraft radiometric sensors that measure the magnitude and spectral quality of light
reflected off the surface of a water body. Remote sensing algorithms for retrieving
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chlorophyll-a concentrations, Chl-a, (used as a proxy for algal biomass) have been developed
and fine-tuned during the past several decades making remote sensing an important tool for
detecting, tracking, and forecasting HABs.
The foundation of most federal and state HAB monitoring programs relies primarily upon the
identification and enumeration of phytoplankton using light microscopy for reasons of
accuracy and cost, yet several limitations associated with this technique exist. These include
a lack of real-time data, poor spatial/temporal resolution, and a requirement for highly trained
personnel, highlighting the need for alternative, complementary approaches. Indeed,
integrated ocean observing systems that include near-real time observations obtained from
multiple platforms, e.g., satellites, aircrafts, autonomous underwater vehicles (AUVs), buoys
and ships, coupled with data-assimilating models for improving HAB observing and
forecasting, has gained increased support over the past decade (Babin et al. 2005, Schofield et
al. 2008, Weisberg et al. 2009). Combining sampling techniques that operate at different
spatial and temporal scales into a comprehensive monitoring program is, therefore, the goal of
various management agencies tasked with conserving natural resources and protecting public
health (Jochens et al. 2010).
Satellite ocean color sensors are an important component of integrated ocean observing
systems as they offer medium-resolution (~250 m to 1 km) synoptic data on a near-daily basis
(Fig. 1). However, despite these advantages, satellite remote sensing data remains highly
underutilized by management agencies. Schaeffer et al. (2013) explored the various reasons
why this may be true, including a seemingly large divide between the remote sensing scientific
community and resource management/public health officials, which has led to a significant
gap in the basic understanding of this technology. Additionally, incorporation of remote
sensing as a tool into existing monitoring programs has likely been delayed over concerns
pertaining to cost, accessibility, product accuracy, data continuity, and lack of programmatic
support.
The purpose of this chapter is to help researchers and managers better understand satellite
ocean color technology and in particular how incorporation of this tool into traditional HAB
monitoring programs is beneficial. We begin by briefly introducing the principles of remote
sensing. Next, we examine how the field of ocean color remote sensing has advanced since
the late-1970s with improved sensor design and development of more sophisticated algorithms
for detecting and quantifying blooms. Limitations of satellite ocean color technology are
discussed, including the inability to detect bloom-forming species with inadequate surface
signals. Challenges researchers continue to face despite recent advances while attempting to
provide accurate, near-real time data products useful for HAB monitoring and forecasting are
also presented. Finally, we close with a brief discussion on how future improvements in sensor
design may further advance the field of HAB remote sensing.
It should be noted that the intent of this chapter is not to provide a comprehensive review on
the remote sensing of HABs. For this, we refer readers to previously published discussions on
this topic (Stumpf and Tomlinson 2005, Klemas 2012, Shen et al. 2012, Pettersson and
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Pozdnyakov 2013, Blondeau-Patissier et al. 2014). Instead, we aim to provide here a more
general discussion focused primarily on HABs that occur in the Gulf of Mexico with particular
emphasis on blooms of the toxic dinoflagellate Karenia brevis.

Figure 1. MODIS-Aqua 7-day (13-19 February 2014) mean composite chlorophyll-a concentrations
(mg m-3) for the Gulf of Mexico (18-31°N, 79-98°W) (http://optics.marine.usf.edu). Chl-a was
estimated using the Color Index algorithm developed by Hu et al. (2012). Areas shaded gray represent
clouds.

Principles of ocean color remote sensing
Satellite ocean color sensors effectively measure spectral radiances at the top of the
atmosphere at various wavelengths of light, λ, spanning the ultraviolet (~300-400 nm), visible
(~400-700 nm) and near-infrared (~700-900 nm) portions of the electromagnetic spectrum.
Satellite-derived water-leaving radiance, Lw(λ), is the amount of light emerging from the sea
surface obtained after contributions from the atmosphere are removed as part of the
atmospheric correction process. Normalizing Lw(λ) by the total spectral light intensity received
at the sea surface, known as downwelling irradiance, Ed(λ), then converts radiance
measurements to remote sensing reflectance, Rrs(λ).
Rrs(λ) provides a measure of ocean color from which algorithms for quantifying and
characterizing the optically significant constituents (OSCs) found in surface waters are
typically based. OSCs are traditionally categorized as dissolved (<0.2 µm) or particulate
(> 0.7 µm) materials and on whether the matter is living (bacteria, phytoplankton) or nonliving (organic detrital matter, inorganic particles). Obtaining information on these materials
from Rrs(λ) is possible, essentially because the color of the ocean is governed predominantly
by interactions of sunlight with OSCs. Together, these constituents preferentially absorb and
scatter light at various wavelengths depending on the quantity and type of material present.
More precisely, Rrs(λ) is proportional to the amount of light backscattered, bb(λ), out of the
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air-sea interface and inversely proportional to the amount of light absorbed, a(λ) (Morel and
Prieur 1977). Both a(λ) and bb(λ) are considered inherent optical properties (IOPs) because
rather than being dependent on variations in the incident light field and other conditions (e.g.,
wind, wave, viewing geometry), they are solely determined by the concentration and type of
material present.
The optical contribution of pure seawater to a(λ) and bb(λ) is constant and well defined (Morel
1974, Pope and Fry 1997). Water molecules absorb red (~620-700 nm) and near-IR light
strongly and exhibit strong blue (~400-495 nm) backscattering. This explains why the color
of oceanic waters devoid of terrestrial influence is typically blue. With increased proximity to
shore, coastal, estuarine and freshwater environments with higher concentrations of particulate
and dissolved materials instead often appear various shades of green. This is because major
OSCs, including phytoplankton, organic detrital matter, and colored dissolved organic matter
(CDOM), all absorb blue light strongly, causing Rrs(λ) at these wavelengths to decrease and
resulting in maximal Rrs(λ) in the green (~495-570 nm) portion of the visible spectrum.
Standard ocean color algorithms for estimating Chl-a are typically based on the ratio or
difference of Rrs(λ) at blue and green bands where phytoplankton exhibit maximal and
minimal absorption contributions, respectively (O'Reilly et al. 2000, Hu et al. 2012). Such
algorithms tend to perform successfully in so-called Case 1 waters (oceanic) where
concentrations of non-algal materials co-vary strongly with that of phytoplankton (Morel
1988). Given the overlapping absorption properties of phytoplankton, organic detrital matter,
and CDOM, though, remotely estimated Chl-a is often overestimated in Case 2 waters (coastal
and inland) where relationships between algal and non-algal OSCs are generally weak (Carder
et al. 1991). This is mainly because standard empirical algorithms are incapable of optically
differentiating between these OSCs. Overestimations in remotely estimated Chl-a are also
common in highly turbid waters where inorganic particulate concentrations (or suspended
sediments) are high (Ahn et al. 2001) and in optically shallow waters where light reflected off
the bottom contributes strongly to Rrs(λ) (Lee et al. 1998, 1999).
An alternative method for estimating algal biomass from Rrs(λ) utilizes red bands as opposed
to the more traditional blue and green bands. The underlying basis for this approach is as
follows. Light absorbed by phytoplankton that is not used for photosynthesis is released as
heat or at higher wavelengths (lower energy levels) during a process called fluorescence.
Natural solar-stimulated chlorophyll-a fluorescence yields a peak at ~685 nm. Such a
fluorescence signal modulates the Rrs(λ) spectral shape, often resulting in a local Rrs(λ) peak
between ~675 and 715 nm, depending on the concentrations of Chl-a and other OSCs. Satellite
sensors equipped with bands capable of quantifying the height of this peak relative to a
baseline determined between two neighboring bands (e.g., Fluorescence Line Height (FLH))
can be used for detecting algal blooms (Letelier and Abbott 1996).
Despite variable chlorophyll-a fluorescence efficiencies, FLH data can provide a more reliable
index of phytoplankton abundance than the standard satellite Chl-a data product in
mesotrophic and eutrophic waters with strong terrestrial influences (Hu et al. 2005). This is
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because red bands tend to be (1) less susceptible to optical contamination by organic detrital
matter and CDOM, and (2) less prone to atmospheric correction errors, which often lead to
negative Rrs(λ) at shorter wavelengths in optically complex waters. Special precaution must
be taken, however, when automatically assigning areas of high FLH as blooms, especially in
turbid coastal and inland waters where high suspended sediment concentrations can lead to
overestimations in FLH (Gilerson et al. 2008).

Historical perspective
The first satellite sensor specifically designed for measuring ocean color was the Coastal Zone
Color Scanner (CZCS; 1978-1986), launched by the United States National Aeronautics and
Space Administration (NASA) aboard the Nimbus-7 satellite. This sensor was equipped with
five spectral bands in the visible and near-IR and had a spatial resolution of 825 m. Although
the mission was experimental in design, the CZCS was integral in demonstrating the ability to
monitor phytoplankton blooms with strong surface signals from space through the estimation
of Chl-a (Mueller 1979, Gordon et al. 1980).
Nearly ten years following the end of the CZCS mission, numerous satellites with ocean color
capabilities were launched with support from various international space agencies. Arguably,
the most notable included the Advanced Earth Observing Satellite (ADEOS) launched by the
Japanese, which housed the Ocean Color Temperature Scanner (OCTS) and Polarization and
Directionality of the Earth’s Reflectances (POLDER; 1996-1997). Also, the OrbView-2
satellite launched by NASA included the Sea-viewing Wide Field-of-view Sensor (SeaWiFS;
1997-2010). SeaWiFS was equipped with eight visible and near-infrared bands and provided
data at 1 km spatial resolution. This mission spanned over a decade and exceeded its goal by
providing high-quality, accessible data to the ocean color community (McClain 2009).
NASA launched two additional satellites (Terra in 1999 and Aqua in 2002) which house the
Moderate Resolution Imaging Spectroradiometer (MODIS). MODIS was designed for
atmospheric, terrestrial, and oceanographic studies. Both MODIS sensors boast the same 36
spectral bands spanning the visible to infrared spectrum at spatial resolutions of 250 m, 500
m, and 1 km. Band placement for ocean color studies is very similar to SeaWiFS. However,
MODIS includes additional red and near-IR bands strategically placed for quantifying solarstimulated chlorophyll-a fluorescence using the FLH algorithm (Letelier and Abbott 1996).
The Medium Resolution Imaging Spectrometer (MERIS; 2002-2012) on board the European
Space Agency’s ENVISAT satellite was also capable of measuring FLH. In addition, MERIS
contained a 709 nm band for estimating algal biomass in hyper-eutrophic (Chl-a >30 mg m3)
waters where the FLH algorithm typically fails. The Maximum Chlorophyll Index (MCI)
algorithm is similar to FLH, except bands are red-shifted in order to account for the shift in
Rrs(λ) peak location for higher trophic levels (Gower et al. 2005). MERIS operated
successfully for a decade providing spectral radiance data at fifteen visible and near-IR bands
at spatial resolutions of 300 and 1200 m.
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More recently, the Visible Infrared Imager Radiometer Suite (VIIRS) instrument on the Suomi
National Polar-orbiting Partnership (SNPP) satellite was launched by the United States
National Oceanic and Atmospheric Administration (NOAA) in October 2011. VIIRS has
similar spectral bands as MODIS, except it does not contain a band for quantifying
chlorophyll-a fluorescence. With a ground resolution of 375 m x 750 m and a large swath
width (3300 km), this sensor provides daily coverage of the global ocean. Given the fact that
MODIS-Terra and MODIS-Aqua are both aging (12+ years old at the time of this writing),
VIIRS is expected to provide continuous ocean color observations in the near future.
Algorithms to assure data consistency from its heritage sensors are still being evaluated.
All satellite ocean color sensors to date are multi-spectral, providing Rrs(λ) at only a few select
visible and near-IR bands. Also, the majority of sensors are housed on polar-orbiting satellites
that operate at altitudes of ~700-800 km allowing for revisit times daily at best. In late-2009,
the first hyperspectral spaceborne imaging spectrometer designed for studying the coastal
ocean was installed by the United States on the International Space Station. The Hyperspectral
Imager for the Coastal Ocean (HICO) samples the coastal ocean at a spatial resolution of 90
m and provides Rrs(λ) between 400 to 900 nm at a spectral resolution of 5.7 nm. Unlike polarorbiting satellites, though, its irregular orbits and narrow swath (~45 km) make repeated
measurements sparse. Information on the diurnal variability of phytoplankton abundance was
lacking until the South Koreans launched the first ocean color satellite sensor in a
geostationary orbit in 2010. The Geostationary Ocean Color Imager (GOCI) is equipped with
eight visible and near-IR bands and has a revisit time of only one hour.
Recognizing the need for improved communication and development of a consensus on key
issues amongst members of the international ocean color community with regard to satellite
ocean color science and technology, the International Ocean-Colour Coordinating Group
(IOCCG) was established in 1996. Today, this group, composed of twenty rotating members
drawn from national space agencies and the ocean color scientific community, maintains a
useful website (http://ioccg.org/). Here, one can obtain an up-to-date list of ocean color
missions (historical, current and scheduled), links to data distribution sources, training
materials, and a variety of other informational resources in the form of publications, reports,
and handbooks.

HAB remote sensing detection techniques
Chl-a and FLH approaches
Satellite ocean color technology was first used to detect Karenia brevis blooms off Florida in
the Eastern Gulf of Mexico in the late-1970s (Steidinger and Haddad 1981). Since then,
satellite Chl-a has been widely utilized globally to indicate many different types of blooms –
both harmful and non-harmful (Azanza et al. 2008, Wang et al. 2008, García-Mendoza et al.
2009). Defining HABs in this manner, though, is suitable only when bloom-forming taxa
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dominates the algal population, and is not suitable for indicating harmful algae (e.g.
Alexandrium spp.) that can be toxic at low cell concentrations (Anderson 1997).
Designating areas of elevated satellite Chl-a as blooms requires careful consideration. This is
particularly true in coastal, estuarine, and inland waters that can be heavily influenced by
terrestrial discharge, sediment resuspension, and bottom reflectance, which cause
overestimations in Chl-a (Cannizzaro et al. 2013). Understanding the various biogeochemical
processes and physical forces that influence the optical properties of a given region is critical
to avoiding misclassification when relying solely on satellite Chl-a estimates using standard
algorithms for detecting blooms. Such misclassification may be costly for managers as
resources spent investigating falsely classified features are wasted. Similarly, negative public
health impacts are also a concern when HABs proliferated undetected.
Stumpf (2001) recognized the need for a more robust satellite-derived HAB index and
introduced a technique for detecting K. brevis blooms in the Gulf of Mexico that utilizes Chla anomalies. Anomalies are defined here as the difference in Chl-a between a single image
and the mean over two months ending two weeks prior to the image. This climatological
approach essentially designates areas with anomalies >1 µm L-1 as probable blooms after
consideration of certain temporal and spatial constraints. When applied to SeaWiFS data, this
technique successfully identified K. brevis blooms along the southwest Florida coast (Stumpf
2001, Stumpf et al. 2003). A slightly modified version of this approach that corrects for
suspended sediments was also developed for detecting blooms of K. brevis in turbid, coastal
waters off Texas (Wynne et al. 2005).
Limitations associated with the Chl-a anomaly technique include difficulty distinguishing true
algal blooms from CDOM-rich river/estuarine plumes and detecting blooms >60 days old.
Despite these drawbacks, the NOAA Harmful Algal Bloom Operational Forecast System
(HAB-OFS)
provides
HAB
Bulletins
and
Condition
Reports
(http://tidesandcurrents.noaa.gov/hab/gomx.html) that incorporate this technique to various
stakeholders (researchers, managers, and general public) on a regular basis (Fig. 2). These
products integrate ocean color satellite imagery with available field observations, models,
public health reports and buoy data to provide timely information on the location of K. brevis
blooms along with forecasts on intensification, transport, extent, and impact in coastal waters
off Florida and Texas.
Ideally, for a HAB remote sensing technique to be successful, it should be capable of
differentiating between true phytoplankton blooms and non-algal OSCs that can interfere with
estimates of satellite Chl-a. Nearshore waters with high terrestrial discharge long posed a
major challenge when attempting to definitively identify algal blooms from space with
confidence until MODIS data became available at the turn of the last century. Hu et al. (2005)
demonstrated that MODIS FLH data provides a more accurate measure of algal biomass
during K. brevis blooms in CDOM-rich coastal waters off southwest Florida as compared to
satellite Chl-a and Chl-a anomaly data. Several additional studies have also documented the
usefulness of MODIS FLH and similarly derived data products (e.g. MERIS MCI) for
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detecting algal blooms from space (Gower et al. 2005, Gower and King 2012, Matthews et al.
2012, Moradi and Kabiri 2012).

Figure 2. NOAA HAB-OFS bulletin of K. brevis bloom off Texas on 26 October 2006
(http://tidesandcurrents.noaa.gov/hab/bulletins/HAB20061026_2006030_TX.pdf).

Hu et al. (2005) further demonstrated the advantage of combining MODIS FLH with
Enhanced-Red-Green-Blue (ERGB) composite imagery and a priori knowledge of an area to
allow for the unambiguous differentiation of algal blooms from areas highly influenced by
CDOM, suspended sediments, and bottom reflectance (Fig. 3). MODIS ERGB composite
imagery is derived by combining Lw(λ) data from MODIS bands 551, 488, and 443 nm.
Different from a traditional RGB composite, the spectral bands used to create the ERGB
imagery are shifted towards the green and blue, allowing for better discrimination of features
in the ocean compared to on land. The ERGB images appear dark (brown or reddish) when
high concentrations of CDOM and/or Chl-a are present and bright (white, yellow, or cyan)
when suspended sediment concentrations are high or bottom reflectance in optically shallow
waters is present. Certain ancillary information (e.g., bathymetry, wind speed, and river
discharge) can help further deduce what causes waters to appear dark or bright in ERGB
composite imagery.
530

One important advantage of using satellite-derived Chl-a or FLH for monitoring HABs is these
are standard ocean color data products, which are widely distributed and freely available. Also,
compared to more complicated optical approaches, these data require no additional processing.
As discussed previously, though, special care must be taken to avoid misclassifications before
automatically assigning areas of elevated Chl-a or FLH as blooms, and a basic oceanographic
knowledge of a given region and limitations associated with the accuracies of these data
products is required (Cannizzaro et al. 2013). This is often accomplished through integration
of field data with satellite imagery.
B
Chl-a

A
FLH

C
ERGB

Figure 3. MODIS-Aqua. A. FLH (W m-2 µm-1 sr-1). B. Chl-a (mg m-3). C. ERGB composite imagery
for Southwest Florida coastal waters on 13 November 2004. Overlaid on the FLH and Chl-a images are
the approximate isobaths from 10 to 50 m. Letters overlaid on the FLH image represent K. brevis cell
concentrations (cells L-1) as follows: N – not present or below detection limit; P – present (<103);
L – low (103-104); M – medium (104-105); H – high (105-106); V – very high (>106). In situ cell
concentrations were provided by the Florida Fish and Wildlife Conservation Commission’s Fish and
Wildlife Research Institute (FWC-FWRI) and were measured 8-12 November 2004. The red arrow
points to a confirmed K. brevis bloom, which exhibits high FLH and appears dark (brown or reddish)
in the corresponding ERGB image. North of the bloom, waters with low FLH that also appear dark in
the ERGB image likely contain high concentrations of CDOM from estuarine discharge causing Chl-a
to be overestimated. Low-FLH waters south of the bloom that appear bright (white, yellow, or cyan) in
the ERGB image also exhibit high-Chl-a, which is likely overestimated due to sediment resuspension
or bottom contamination in these shallow (<10 m), optically complex waters. Figure adapted from Hu
et al. (2005, Vol. 97: p. 316, fig. 4).
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Integrating field-measured cell concentrations and satellite imagery is useful not only for
verifying the identity and determining the strength of blooms, but also for assessing a bloom’s
spatial extent. In 2005, a K. brevis bloom in coastal waters off Florida, lasting nearly 13
months and spanning more than a thousand square kilometers, was responsible for killing fish,
manatees, dolphins, and sea turtles and closing shellfish harvesting areas for more than a year.
MODIS-Aqua FLH imagery acquired on September 30th indicated that the bloom extended
continuously in coastal waters along the central and northern portions of the West Florida
Shelf (~26-30°N) despite a scarcity of ground-truth data to the north (Fig. 4). Today, the
Florida Fish and Wildlife Conservation Commission’s Fish and Wildlife Research Institute
(FWC-FWRI) distributes regional HAB status reports twice weekly to email subscribers and
through social media. During blooms, these reports often integrate K. brevis cell concentration
data with satellite imagery generated and distributed in near real-time through a Virtual
Antenna System at the University of South Florida (Hu et al. 2014) (Fig. 5). The imagery
provides valuable information to stakeholders on the magnitude and extent of confirmed
blooms and helps guide managers with event response planning and other decision-making
processes.

B

A

Figure 4. A. FWC-FWRI in situ K. brevis cell concentrations (cells L-1) measured 28-30 September
2005. B. MODIS-Aqua FLH (mW cm-2 µm-1 sr-1) imagery acquired on 30 September 2005.

532

Figure 5. An example of how satellite imagery is incorporated into FWC regional HAB status reports
during bloom events. The background MODIS FLH image on 2 September 2014 was obtained from a
Virtual Antenna System (VAS) (Hu et al. 2014; http://optics.marine.usf.edu) and is overlaid with K.
brevis cell concentrations (cells L-1). The integrated image suggests that the yellow-orange-red patches
on the MODIS FLH image are confirmed K. brevis bloom.

Along with regularly distributing HAB Bulletins and Condition Reports to stakeholders,
NOAA also offers the Harmful Algal BloomS Observing System (HABSOS;
http://habsos.noaa.gov/) (Fig. 6) with the support of various federal, state, and academic
partners. HABSOS is a web-based data assimilation and mapping tool that further expands the
capabilities of managers and researchers in the Gulf of Mexico. This tool rapidly collects and
disseminates data and information on HAB events and related environmental factors by
linking together databases, models, and remote sensing data products (e.g., Chl-a, Chl-a
anomaly, FLH, sea surface temperature) with GIS tools. The integration of satellite imagery
and modeled current data allows managers to better predict HAB transport and forecast bloom
development (Weisberg et al. 2009). HABSOS is currently set up to examine K. brevis blooms
only. However, the framework is adaptable and future expansion of this tool to include other
HABs and additional remote sensing data products is possible.
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Figure 6. NOAA HABSOS web-based data assimilation and mapping tool (http://habsos.noaa.gov/).
Shown are K. brevis cell concentrations provided by FWC-FWRI for 12-15 November 2014 overlaid
on MODIS-Aqua normalized FLH (mW cm-2 µm-1 sr-1) imagery collected on 14 November 2014
(imagery provided by the University of South Florida). Also overlaid are modeled Sea Surface Currents
(cm s-1) provided by the United States Naval Research Laboratory using the Navy Coastal Ocean Model
(NCOM) for 14 November 2014.

Optical approaches
Perhaps the greatest disadvantage when relying solely on standard satellite ocean color data
products, such as Chl-a and FLH, for detecting HABs is they fail to indicate the nature of the
bloom-causing organism. Although integration of in situ cell count data with satellite imagery
may help confirm a satellite-detected bloom to be a specific HAB, the infrequent measurement
of water samples still requires better techniques to identify the bloom-causing organism from
satellite data alone. This information is highly desired by researchers and managers alike to
better understand overall bloom dynamics and determine appropriate management actions
(e.g., shellfish beds closures, beach clean ups, etc.) for mitigating the negative impacts of
certain blooms on ecosystems and public health. Therefore, along with being capable of
differentiating between algal and non-algal OSCs, a successful HAB remote sensing technique
will ideally be capable of discriminating between harmful and non-harmful blooms. In order
to meet this criterion, though, the optical properties of a given HAB must be unique.
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The concept that optical approaches are well suited for characterizing HABs began gathering
strength in the 1990s base on the knowledge that phytoplankton strongly influence the fate of
light in the ocean. Early research on the optical properties of bloom-forming phytoplankton
focused largely on understanding the effects of pigmentation and pigment packaging on
phytoplankton absorption spectra, aph(λ) (Hoepffner and Sathyendranath 1991, Johnsen et al.
1994, Millie et al. 1997, Lohrenz et al. 1999). Major phytoplankton taxa (e.g., diatoms,
dinoflagellates, chlorophytes, cyanobacteria, etc.) contain diverse arrays of pigments
belonging to three main groups (chlorophylls, carotenoids, and phycobiliproteins). Several
pigments were found to be diagnostic in nature (Jeffrey et al. 1997).
One of the main conclusions on bloom identification from these earlier studies was that while
certain phytoplankton groups containing specific types of accessory chlorophylls can be
identified from aph(λ), optical discrimination between Chl-c-containing phytoplankton groups,
such as diatoms and dinoflagellates, which commonly form blooms in coastal waters, proved
more difficult (Johnsen et al. 1994). Although both groups contain unique accessory pigments,
the spectral absorption properties of these pigments overlap considerably hindering their
identification. While subtle differences in aph(λ) between these two algal groups may be
retrieved using 4th derivative spectral analysis (Craig et al. 2006), this requires aph(λ) to be
extracted from hyperspectral Rrs(λ) data. Such data is not readily available based on the current
array of operational satellite ocean color sensors. HAB remote sensing detection techniques
based on unique algal pigmentation, therefore, are largely limited to identifying certain types
of toxic, bloom-forming cyanobacteria, including those that contain the phycobiliprotein
pigments phycoerythrin (Trichodesmium spp.) (Hu et al. 2010) and phycocyanin
(Microcystis sp., Anabaena spp.) (Simis et al. 2005, Dash et al. 2011). These pigments exhibit
distinct spectral absorption features, allowing for their detection and quantification from multispectral satellite Rrs(λ) data.
Following these early pigment-based studies, the field of optical oceanography continued to
advance as commercially-available instrumentation for measuring optical properties beyond
absorption, such as backscattering and fluorescence, became increasingly available. Also,
radiative transfer models for simulating Rrs(λ) based on known IOPs (Mobley 1994) and
inverse optical models for extracting IOPs from R rs(λ) (Lee et al. 2002) improved. Together,
this progress helped dispel the common notion that red discoloration of oceanic surface waters
is always indicative of red tide blooms and can only be attributed to algal pigmentation.
Instead, models showed that this change in coloration is a product of both spectral absorption
and backscattering properties and can be attributed to various types of phytoplankton (harmful
and non-harmful) and different combinations of non-algal OSCs, including CDOM and
minerals (Dierssen et al. 2006). The importance of examining both absorption and
backscattering spectral properties of not only phytoplankton but also non-algal OSCs when
developing optical approaches for detecting HABs was further emphasized in later studies
(Cannizzaro et al. 2008, Maldonado 2008, Roesler and Boss 2008).

535

The number of peer-reviewed manuscripts published annually, within the past decade, on the
remote detection of algal blooms using satellite ocean color data has more than tripled,
indicating both a growing interest in the field and general acceptance of this technology by the
scientific community (Blondeau-Patissier et al. 2014). While the majority of these studies
continue to simply incorporate standard satellite ocean color data products, such as Chl-a and
FLH, in supporting roles only, many are focused entirely on the development of more
sophisticated HAB remote sensing techniques.
Some of these approaches consist of simple empirical or rule-based algorithms, while others
are more complex and computationally demanding in nature (Miller et al. 2006, Takahashi et
al. 2009). Many techniques utilize only red bands, which are less prone to atmospheric
correction errors and contamination by non-algal OSCs, while others continue to use shorter
bands, including green bands where Rrs(λ) is often maximal during blooms (Takahashi et al.
2009, Zhao et al. 2010, Siswanto et al. 2013). The target organisms for many of these
techniques vary widely and include either a single genus or species (e.g., Margalefidinium
polykrikoides, Karenia mikimotoi, Trichodesmium spp.) or mixed populations found within
one or more major phytoplankton group(s) (Ahn and Shanmugam 2006, Sasaki et al. 2008,
Siswanto et al. 2013). For the Gulf of Mexico alone, several different remote sensing
techniques for detecting K. brevis blooms have been developed in recent years, which vary
widely in the number and type of bands used, methodological approach (e.g., empirical,
analytical, neural network), and theoretical basis (e.g., absorption, backscattering,
fluorescence) (Hu et al. 2005, Cannizzaro et al. 2008, Amin et al. 2009, Tomlinson et al. 2009,
Carvalho et al. 2011, Gokaraju et al. 2012, Soto et al. 2015).
There are several key points to consider when evaluating these and other optically-based HAB
remote sensing techniques. First, many of these approaches were developed using either
limited field data or data collected as part of event response monitoring programs. Such data
may be biased if it does not accurately reflect the overall spatial and temporal variability of
optical properties within a given region, causing such techniques to be more susceptible to
classification errors. Also, approaches developed using shipboard Rrs(λ) data may fail when
applied to satellite data if shorter bands, which are more sensitive to atmospheric correction
and low signal-to-noise errors, are used. Another key point to consider is that while many
approaches claim to identify a specific type of algae at the genus or species level, success is
often dependent on whether this is the only type of phytoplankton bloom found within that
particular region. Applying such techniques to different water bodies that exhibit similar
HABs should be approached with caution, especially where multiple bloom types are known
to occur. Overall, while the field of HAB remote sensing continues to yield major
advancements, validation is often required to ensure robustness for many of these approaches.
For this to occur, relationships between the remote sensing community and
managers/researchers that collect discrete water samples for phytoplankton taxonomic
analysis must continue to be forged and strengthened.
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Limitations and challenges
Considerable progress has been made in sensor design and algorithm development over the
past several decades, however many factors continue to limit the use of satellite ocean color
data for routine monitoring and forecasting of HABs. Aside from perhaps the most obvious
limitation, which is when the water is obscured by clouds, providing accurate satellite-derived
Rrs(λ) upon which most HAB detection algorithms are based continues to be a challenge
despite recent progress (Wang and Shi 2007). This is especially true in coastal and inland
waters where the negative economic and public health impacts associated with HABs tend to
be most noticeable. Accurate satellite-derived Rrs(λ) in such areas is often difficult to obtain
because of atmospheric correction errors caused by high turbidity, low signal-to-noise, and
complicated aerosol properties. Together with known land adjacency effects, these factors
often prevent the reliable use of satellite ocean color data within a few kilometers of the coast.
Satellite ocean color sensors are limited to measuring spectral radiances within the first optical
depth and such data is suitable for detecting and quantifying only those blooms found at the
near-surface. HABs in benthic systems such as Gambierdiscus spp. and those capable of
forming thin-layers such as Pseudo-nitzschia spp. (Sullivan et al. 2010) will not be detected.
Also, certain life cycle phases (e.g. cysts) will not be detected due to a lack of surface signal.
HABs that form dense surface aggregations (e.g., Microcystis sp., Trichodesmium spp.) can
be detected with satellite ocean color imagery when they cover large expanses. When present
in smaller patches, though, such blooms are difficult to quantify accurately because of the low
spatial resolution (~1 km) characteristic of most currently operational satellite ocean color
sensors (Reinart and Kutser 2006). The resultant variability within the pixel may cause satellite
signals to be dampened when small, patchy blooms are mixed with surrounding non-bloom
waters (Subramaniam et al. 2001).
The ability to detect certain types of HAB blooms at concentration levels that necessitate
management action is another important constraint that is important to acknowledge. For
example, the State of Florida requires that shellfish beds be closed when K. brevis cell
concentrations exceed 5,000 cells L-1. Concentrations this low, however, contribute minimally
to bulk Chl-a and are an order of magnitude lower than the minimum satellite detection limit
for K. brevis (Tester and Stumpf 1998). Bloom initiation, therefore, will also be difficult to
assess from a satellite perspective in such cases. Together, these limitations and challenges
highlight the continued need for observational data collected at depth and for the application
of three-dimensional coupled biophysical models (Walsh et al. 2006).
While the growth and maintenance stages of K. brevis blooms are more amenable to detection
by ocean color satellite sensors, especially when cell concentrations exceed millions of cells
per liter and discoloration is often clearly evident, diel vertical migration, which can modify
water column optical properties, may lead to errors in detection algorithms (Schofield et al.
2006). Ascertaining the extent and magnitude of blooms at temporal scales that are relevant
for these and other motile, bloom-forming species, therefore, poses a challenge, especially
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when relying on data obtained from ocean color sensors housed on polar-orbiting satellites,
which collect imagery daily at most.

Future Prospects
The successful application of satellite ocean color technology for monitoring and forecasting
HABs in coastal, estuarine and inland waters is partially limited by the spectral, spatial, and
temporal resolutions of most current sensors (Shen et al. 2012).
The spectral resolution for the majority of sensors is relatively low with fewer than a dozen
visible and near-IR bands and band placement is currently optimal for quantifying blooms in
terms of Chl-a. Characterizing the nature of blooms, though, will require that future band
placement match spectral regions exhibiting the greatest differences in Rrs(λ) for common
types of bloom-forming phytoplankton. Dierssen et al. (2006) indicated that for most major
phytoplankton groups the greatest taxon-specific differences in Rrs(λ) occurred at ~570-610
nm. Sensors for monitoring toxic cyanobacteria blooms that contain phycocyanin, such as
Microcystis sp., require that a band be positioned at ~630 nm (Metsamaa et al. 2006). The high
spectral resolution of HICO and future hyperspectral sensors may help further resolve optical
differences in phytoplankton communities, allowing for the quantification and
characterization of various HABs from space (Devred et al. 2013, Ryan et al. 2014).
HABs that form dense surface aggregations or those located in small estuaries are often
difficult to detect accurately using ocean color data collected from sensors housed on polarorbiting satellites with relatively large spatial resolutions (1 km). Reinart and Kutser (2006)
demonstrated that Chl-a can vary by two orders of magnitude within a distance of only 10 m
during heavy surface scums of extremely patchy toxic cyanobacteria blooms in the Gulf of
Finland. NASA plans to launch the Visible to Short Wave Infrared (VSWIR) sensor as part of
the Hyperspectral Infrared Imager (HyspIRI) mission within the next decade (>2022). This
sensor will be capable of measuring visible light every 10 nm and when positioned in a low
orbit will have a relatively fine spatial resolution (60 m), making it suitable for depicting
bloom spatial patterns better than MODIS and other sensors currently mounted on polarorbiting satellites.
In terms of improving temporal resolution, geostationary satellites, which can offer multiple
passes within a given day for certain areas, will be important for monitoring organisms that
can regulate their buoyancy and form surface mats such as Trichodesmium spp. (Hu and Feng
2014) or those such as K. brevis that undergo diel-vertical migration (Schofield et al. 2006).
Several studies have recently demonstrated the usefulness of GOCI data when studying HABs.
Lou and Hu (2014) showed a doubling of bloom area from early morning to afternoon on two
consecutive days for a bloom of the toxic dinoflagellate Prorocentrum donghaiense in the East
China Sea. Although tidal influences may have contributed partially to this variability, the
authors speculated that diel vertical migration was a more likely explanation. Similarly, Choi
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et al. (2014) showed GOCI satellite-derived Chl-a increasing significantly from morning to
afternoon for a P. donghaiense bloom in the East Sea.

Final remarks
Despite the many limitations and challenges commonly associated with satellite ocean color
data, this technology can be a relatively accurate, cost-effective tool for monitoring and
forecasting HABs when used responsibly. Satellite data product accuracies have improved
considerably over the past several decades and algorithms for characterizing phytoplankton
blooms have matured as well. Today, satellite ocean color data is increasingly available often
at no cost from numerous sources, including federal, state, academic, and private institutions.
The ability of satellite ocean color technology to provide near-daily, synoptic-scale imagery
in near-real time is unmatched by any other detection technique.
Future advancements in the field of HABs remote sensing will depend on the successful launch
and operation of new ocean color sensors (e.g. VSWIR) with increased spectral, spatial, and
temporal resolution. In the meantime, knowledge of the biological, chemical, and physical
conditions and optical properties associated with specific HABs must continue to grow for
improving model and algorithm performances. Relationships between the ocean color
community and HAB researchers and managers must continue to strengthen to bridge the
knowledge gap and foster the transition of accurate and robust data products for
implementation by management agencies in event response planning and decision-making
processes.
Discrete water samples for taxonomic analysis using microscopy must continue to be collected
for ground-truthing purposes of many HABs as this is the absolute gold standard today. At the
same time, molecular approaches are being pursued to enhance morphometric analyses and to
provide toxin identification. Monitoring programs that integrate satellite ocean color data and
other environmental data collected at various spatial and temporal scales with numerical
models will strengthen future HAB research and monitoring efforts.
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